etabolomics is a rapidly growing field of postgenomic biology, aiming to comprehensively characterize the small molecules in biological systems. While genomics, transcriptomics, and proteomics enable untargeted investigation of cells, tissues, and organisms, metabolite analysis potentially offers the most direct measure of the phenotypic state of a biological system. 1,2 Our analytical ability to measure the global metabolome is currently limited by the chemical diversity of biological metabolites, and metabolomics studies generally follow one of two compromised approaches: targeted or untargeted.
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etabolomics is a rapidly growing field of postgenomic biology, aiming to comprehensively characterize the small molecules in biological systems. While genomics, transcriptomics, and proteomics enable untargeted investigation of cells, tissues, and organisms, metabolite analysis potentially offers the most direct measure of the phenotypic state of a biological system. 1, 2 Our analytical ability to measure the global metabolome is currently limited by the chemical diversity of biological metabolites, and metabolomics studies generally follow one of two compromised approaches: targeted or untargeted. 3, 4 Targeted metabolic profiling approaches require a priori knowledge of the metabolites of interest, and the analytical platform is optimized to detect these metabolites quantitatively. 5 This approach has been successfully applied to the investigation of specific metabolic pathways 6 but does not achieve a global coverage. The alternative untargeted approach involves statistical analysis of all signals from an analytical platform and subsequent identification of the most significant metabolites. 7 This approach is often employed in hypothesis-generating studies such as biomarker discovery, 8 but exhaustive metabolite identification is generally not the goal. The scope and confidence of metabolite identification is a major bottleneck in the interpretation of metabolomics data, and improvements in metabolite identification are urgently required. 4 Comprehensive metabolite identification would allow the construction of biologically meaningful metabolic networks from metabolomics data and allow metabolic biochemistry to be investigated from a systems biology perspective. 9 Liquid chromatography coupled to mass spectrometry (LCÀMS) is becoming increasingly popular for metabolomics analysis. 3, 10 Reversed phase LCÀMS is well established for small molecule analysis and is particularly useful for separation of hydrophobic metabolites as it involves elution of analytes by an aqueous-based mobile phase (often with a gradient of increasing organic content) from a nonpolar stationary phase. In contrast, hydrophilic interaction chromatography (HILIC) utilizes a gradient of increasing aqueous content to elute analytes from a hydrophilic ABSTRACT: Metabolomics is an emerging field of postgenomic biology concerned with comprehensive analysis of small molecules in biological systems. However, difficulties associated with the identification of detected metabolites currently limit its application. Here we demonstrate that a retention time prediction model can improve metabolite identification on a hydrophilic interaction chromatography (HILIC)Àhigh-resolution mass spectrometry metabolomics platform. A quantitative structure retention relationship (QSRR) model, incorporating six physicochemical variables in a multiple-linear regression based on 120 authentic standard metabolites, shows good predictive ability for retention times of a range of metabolites (cross-validated R 2 = 0.82 and mean squared error = 0.14). The predicted retention times improved metabolite identification by removing 40% of the false identifications that occurred with identification by accurate mass alone. The importance of this procedure was demonstrated by putative identification of 690 metabolites in extracts of the protozoan parasite Trypanosoma brucei, thus allowing identified metabolites to be mapped onto an organism-wide metabolic network, providing opportunities for future studies of cellular metabolism from a global systems biology perspective. stationary phase. While reversed phase methods are commonly used for LCÀMS based metabolomics, HILIC is becoming an attractive alternative or complementary approach, due to the ability to separate hydrophilic metabolites. 3, 4, 10 The electrospray (ESI) ionization source commonly applied to interface LC with MS generally provides good sensitivity and a high proportion of molecular ions for detection. In addition to molecular ions, many additional ion signals are also acquired for each metabolite, such as in-source fragments, adducts, and multiply charged species, which often complicate interpretation of LCÀMS data and may lead to false metabolite identifications. 11 Recent advances in ultrahigh resolution mass detectors often allow direct assignment of chemical formulas by accurate mass detection within 1 ppm. 9, 12 Accurate mass detection opens the door for untargeted metabolite identification but is not always sufficient for unambiguous identification, primarily due to the complexity of LCÀMS data and the large number of isomeric compounds present in biological systems. Orthogonal information is therefore required to confirm identification, with LC retention time (RT) and MS/MS (or MS (n) ) fragmentation being the most commonly used, and easily obtained, orthogonal data. 3 Metabolite identification ideally requires analysis of authentic standards, so that retention time and/or fragmentation patterns can be compared. 11 However, it is not practical for individual laboratories to purchase and analyze authentic standards for every possible metabolite nor are all metabolites commercially available. Public MS/MS fragmentation databases such as Massbank (www.massbank.jp) 13 and Metlin (http://metlin.scripps.edu/) 14 offer some help toward resolution of the problem, but although fragment patterns are consistent for a given fragmentation type (e.g., collision induced dissociation (CID), electron capture dissociation (ECD)), fragment intensities are often instrument-specific, and these databases are limited to metabolites that have commercially available standards. Fragmentation prediction (such as http://msbi.ipb-halle.de/MetFrag/) may offer a useful alternative where standard MS/MS data is not available, but current prediction algorithms are not accurate for all metabolites. 15 Retention time also provides useful orthogonal information for metabolite identification where authentic standards can be analyzed on the same platform; 11 however, to our knowledge no attempt has been made to store RT information in public databases for LC platforms, due to the significant variability between platforms. Even temporal variability between batches on the same platform can occur due to changes in column chemistry (aging or batch variation), mobile phase composition, and temperature.
Quantitative structure retention relationships (QSRR) allow prediction of HPLC retention time based on the physicochemical nature of the analyteÀcolumn interactions that determine retention. 16 This form of quantitative structureÀproperty relationship requires experimental measurement of retention times for a training set of authentic standards and determination of chemical descriptors, which can be calculated from compound structures computationally. This allows development of a model with which retention times for a large database of metabolites can be predicted based on their calculated physicochemical properties. QSRR has been successfully applied to HPLC for specific classes of compounds, such as peptides 17 and steroids; 18 however, the application to a large, chemically diverse group of metabolites is somewhat more ambitious. Nevertheless, the prediction of a retention time window, in conjunction with accurate mass, will allow greatly improved annotation of metabolite identities in large-scale metabolomics studies, 19 as was earlier shown with a retention prediction model for capillary electrophoresisÀmass spectrometry (CEÀMS). 20 This article describes the development of a validated QSRR model for HILIC chromatography and application of the model to a large metabolite database. A template is provided to recalculate structureÀretention relationships for specific analytical platforms to allow application of this methodology in other laboratories. Furthermore, we demonstrate the benefit of incorporating predicted retention times into the metabolite identification procedure for both metabolite standards and biological samples.
' EXPERIMENTAL SECTION Preparation of Authentic Standards. Stock solutions were prepared for each one of a set of 127 authentic standard compounds at 10 or 100 mM in either Milli-Q water, ethanol, or 50% ethanol/water, depending on solubility, or in the case of less soluble compounds at lower concentration or in alternative solvents, as detailed in Supporting Information S1. Stock solutions were combined into groups of approximately 15 compounds at 100 μM for determination of retention times, ensuring that there were no isobaric compounds within each group and no combination of compounds where likely MS fragments would be isobaric with other compounds and thus hinder assignment of retention time to an individual compound. In the few cases where assignment of retention time was ambiguous, the individual compound was subsequently analyzed separately. A comprehensive standards solution was also prepared, containing all 127 authentic standards at 100 μM concentration. This comprehensive standards solution was further diluted with 80% acetonitrile/ water to 10, 1, and 0.1 μM solutions for analysis.
LCÀMS Method. The LC separation was performed using hydrophilic interaction chromatography with a ZIC-HILIC 150 mm Â 4.6 mm, 5 μm column (Merck Sequant), operated by a Dionex UltiMate liquid chromatography system (Dionex, Camberley, Surrey), and coupled to a FAMOS autosampler. The LC mobile phase was a linear gradient from 80% B to 20% B over 30 min, followed by an 8 min wash with 5% B, and 8 min reequilibration with 80% B, where solvent B is 0.08% formic acid in acetonitrile and solvent A is 0.1% formic acid in water. The flow rate was 300 μL/min, column temperature 20°C, injection volume 10 μL, and samples were maintained at 4°C. The mass spectrometry was performed using an Orbitrap Exactive (Thermo Fisher Scientific, Hemel Hempstead, U.K.) with a HESI 2 probe. The spectrometer was operated in polarity switching mode, with the following settings: resolution 50 000, AGC 1 Â 10 6 , m/z range 70À1400, sheath gas 40, auxiliary gas 20, sweep gas 1, probe temperature 275°C, and capillary temperature 250°C. correction was also applied to each analytical run using these ubiquitous low-mass contaminants.
Database Generation. A comprehensive metabolite database, containing 41 623 potential metabolites (Supporting Information S2), was constructed by combining metabolite entries from the publicly available online metabolite databases KEGG (www.genome.jp/kegg/), 21 MetaCyc (www.metacyc.org), 22 HMDB (www.hmdb.ca), 23 and Lipidmaps (www.lipidmaps.org) 24 with an internally generated database of dipeptides, tripeptides, and tetrapeptides of proteinogenic amino acids. For each metabolite, the database contains the exact mass, chemical formula, name, and where available, meta-information including KEGG or MetaCyc pathways, identifiers, and SMILES strings. 25 Missing SMILES strings in source databases were imported from Chemspider (www.chemspider.com) where possible. InChi Keys were imported from the Chemical Translation Service (http://cts. fiehnlab.ucdavis.edu), 26 and available identifiers were used to minimize redundancy by merging synonymous entries from multiple data sources. Where multiple isomers exist for a given formula, the database was sorted to give preference to the most biologically "likely" metabolites based on (1) genome-annotation for the organism of study (e.g., TrypanoCyc 27 ), (2) metabolites of central metabolic pathways in KEGG (amino acid, carbohydrate, energy, nucleotide, and lipid metabolism), (3) number of databases containing each metabolite (KEGG, MetaCyc, HMDB, Lipidmaps). The final sorting is based on metabolite ID numbers in the source databases, as the historical development of these databases that has resulted in a trend toward assignment of lower ID numbers to common metabolites involved in primary metabolism and higher ID numbers to more unusual metabolites or xenobiotics.
Where SMILES strings were available, Jchem for Excel ( Jchem For Excel 5.3.1, 2010, Chemaxon, http://www.chemaxon.com) was used to calculate a number of physicochemical properties for the metabolites in the database (Supporting Information S2). pH-dependent parameters (log D and charge) were calculated throughout the apparent pH range of the mobile phase, from 2.65 (aqueous phase) to 4.5 (organic phase), and 3.5 was chosen for all further calculations because it provided the best fit for the model. Positive and negative charges were calculated for each pH by addition of the formal charge of the molecule to the relative charge on each ionizable group according to predicted pK a values and the HendersonÀHasselbalch equation (eq 1). QSRR Calculations. Experimental retention times for 120 metabolite standards (with molecular weights ranging from 70 to 400) were determined by LCÀMS analysis with Xcalibur and ToxID (Thermo Fisher Scientific), were converted to retention factors (RF) (eq 2), and entered into a multiple linear regression (MLR) model with calculated chemical descriptors (from Jchem for Excel) as variables (Supporting Information S2). Chemical descriptors were considered for inclusion only if they could be rapidly calculated from SMILES strings by freely available software and their potential to influence retention time could be readily explained in physicochemical terms.
RF ¼ ðRF À column void timeÞ column void time ð2Þ
The "leaps" package 28 in the statistical software R, 29 was used for selection of the most descriptive variables by an exhaustive search of 11 physicochemical properties (Supporting Information S3). The optimal regression model was assessed by Mallow's C p statistic. 30 The selected model was evaluated by a 10-fold crossvalidation, and the predictive power was estimated by validated adjusted R 2 and the mean squared error (MSE) of prediction. Metabolomics Sample Preparation. For an illustrative test case, metabolites were extracted from bloodstream-form Trypanosoma brucei brucei (strain 427), cultured in vitro with HMI-9 medium and 10% fetal calf serum, 31 to a density of 2 Â 10 6 cells/mL. Appropriate volumes of cell culture were taken to yield 5 Â 10 7 , 1 Â 10 8 , and 2 Â 10 8 total cells per sample. Cells were concentrated by centrifugation at 1000g for 10 min at 37°C, the cell pellet was resuspended in 1 mL of supernatant and transferred to a 1.5 mL tube, and the final cell pellet was obtained by further centrifugation at 3000g for 5 min and complete removal of supernatant. Metabolites were extracted from the cell pellet by addition of 200 μL of chloroform/methanol/water (1:3:1) with vigorous mixing for 1 h at 4°C. 32 Precipitated proteins and cellular debris were removed by centrifugation at 13 000g for 5 min, and the supernatant was kept at À80°C until LCÀMS analysis within 2 weeks. Additional control samples included cell-free growth medium and extraction solvent blanks. All samples were prepared in triplicate from a single parasite culture.
Metabolomics Data Processing. Raw LCÀMS data were processed with a combination of XCMS Centwave for peak picking (http://metlin.scripps.edu/xcms/) 33 and mzMatch for alignment and annotation of related peaks (http://mzmatch. sourceforge.net/). 34 Metabolite identification was performed by matching masses and retention times to the database with a mass accuracy window of 3 ppm (if two formulas were within 3 ppm the closest match was taken) and RT window of 35% (by in-house VBA scripts). Additional automated noise and MS artifact filtering procedures were applied to remove peak sets that contained (1) peaks that were present at equal or higher abundance in the blank solvent samples, (2) all peaks lower than the intensity threshold (10 000), (3) shoulder peaks or duplicate peaks within the same mass (3 ppm) and retention time (0.2 min) window, (4) common MS artifacts according to the table in Supporting Information S4 and S5 with irreproducible intensities (relative standard deviation > 0.5) across replicate samples (biological study only). 35 ' RESULTS AND DISCUSSION LCÀMS Method. The HILIC-Orbitrap LCÀMS method proved successful for detection of many metabolites. 36, 37 While it is generally accepted that a truly comprehensive metabolomics approach is not possible on a single platform, 12 ,38 the HILICExactive approach, with polarity switching, is shown here to detect authentic standards from a wide range of metabolite classes (Figure 1 and Supporting Information S5).
In addition to the identification of authentic metabolite standards, this analytical method produces thousands of additional peaks, many of which can be putatively annotated as metabolites based on exact mass (Supporting Information S6). However, closer inspection of these peaks reveals many retention times that are incongruous with the expected retention time of these metabolites according to the basic principles of hydrophilic interaction chromatography on a ZIC-HILIC column (www.sequant. com/hilic), and in some cases, these annotations were confirmed to be false identifications by comparison with authentic standards (where available). The false identifications may arise from a number of sources including MS artifacts (e.g., fragments, adducts, isotopes), chromatographic issues (e.g., peak shoulders, poor retention, peak-picking errors), and noise (e.g., contaminants and MS signal processing artifacts). In order to systematically remove these misleading peaks from a metabolomics data set, a retention time prediction model was developed to support identification based on both accurate mass and retention time.
QSRR Modeling and Validation. The retention time prediction model was developed using the 120 authentic standards with experimentally determined retention times on this analytical platform (Supporting Information S5). The optimal QSRR model (eq 3), as determined by the MLR model selection (Supporting Information S3) has an adjusted R 2 of 0.82 (Figure 2 ), has a residual standard error of 0.35, and includes 6 calculated physicochemical properties as variables: log D = calculated octanolÀ water partition coefficient at pH 3.5, Neg = negative charge at pH 3.5, Pos = positive charge at pH 3.5, Rot = number of rotatable bonds, Phos = number of phosphate groups, and (HBD/MW) = number of hydrogen bond donors divided by molecular weight. ), the octanolÀwater partition coefficient as calculated by Jchem at pH 3.5. This finding confirms the general mechanism of hydrophilic interaction chromatography, which involves partitioning of the analyte between the organic mobile phase and aqueous stationary phase. The five additional variables are also involved in phase partitioning and/or hydrophilic or ionic analyteÀcolumn interactions, thus supporting the validity of the model from a physicochemical perspective. 16 A 10-fold cross-validation of the model showed good predictive ability (MSE = 0.14, adjusted R 2 = 0.82, and residual standard error = 0.35). Perhaps most important for application to the identification of metabolites in metabolomics studies is the retention time window that can be predicted with confidence for each possible metabolite. 19 In this regard, we observed that the true retention times for 93% of metabolite standards were within 35% of the predicted retention times (for example, (1.75 min for a compound eluting at 5 min or (7 min for a compound eluting at 20 min). Significant outliers were primarily due to inherent errors associated with the high dependence of the model on calculated values, log D and pK a . The largest error was associated with ascorbate, which has a unique ionizable group, with a miscalculated pK a of 0.5 (i.e., predominantly charged at mobile phase pH 3.5), yet an experimental pK a of 4 (i.e., predominantly uncharged at pH 3.5). 39 Replacement of the calculated log D value (À4) with the calculated log P value (À1.3) (to represent the uncharged species) resulted in an accurate RT prediction (<15% error). The overestimate of the retention time for AMP can also be explained by underestimation of the log D and log P values in Jchem, when compared with other calculated log P values obtained from HMDB (www.hmdb.ca). 23 The error associated with citric acid was most likely due to the poor chromatographic behavior of this polyacidic metabolite, which exhibited a very wide peak (>5 min) and irregular peak shape.
It should be noted that all compounds included in the QSRR model had molecular weights below 400. Authentic standards for 7 common larger metabolites (above 400 Da) were analyzed; however, these retention times were poorly predicted by the model, most likely due to errors associated with predicted log D. Therefore, the model should only be applied to compounds with molecular weights below 400 (which, by definition, accounts for the vast majority of biological metabolites aside from lipids and triphosphates, which are not ideally suited to this analytical platform). 36 Despite the inability of the QSRR model to accurately predict retention times for larger molecules, a feature of HILIC chromatography is the early elution of hydrophobic compounds, including lipids, 36 thus allowing a class-based retention time prediction for most large metabolites based on predicted log P (log P > 0) and/or classification in the lipidmaps database. 24 The combination of the QSRR model and the classbased prediction for large hydrophobic metabolites resulted in assignment of predicted retention times for over 92% of all compounds in the database of potential metabolites (excluding peptides).
Application to Untargeted Metabolite Analysis. LCÀMS data preprocessing techniques for metabolomics are gradually improving as the number of open-source applications for this purpose expands. XCMS, 33 MZmine2, 40 Maven, 41 and mzMatch 34 all provide peak-picking capability and some capacity for peak filtering and annotation. However, accurate metabolite identification remains a major bottleneck in untargeted metabolomics studies. 42 Data produced by these applications contain many peaks that are not molecular ions of biological metabolites, 11, 35 resulting in numerous false identifications when accurate mass alone is used to identify peaks and new software to improve annotation of these ions has recently been developed. 34, 43 Retention time prediction offers a new approach to filtering metabolite identities, using information which is routinely collected but not directly related to metabolite mass.
To demonstrate the impact of retention time prediction on untargeted metabolite identification, the 4 concentrations of comprehensive standard solutions were analyzed, revealing 20 150 peak sets (PIESI mode only). Matching the accurate mass of these peaks to the metabolite database (with a 3 ppm window) resulted in 3 133 putative identifications, suggesting that a large number of false identifications were observed from these mixtures of 127 metabolite standards, even taking into consideration that few biochemical standards are purchased at 100% purity. However, an additional filter that requires the observed retention time of putative metabolites to be within 35% of the predicted retention time, removed 40% (1 314) of the putative identifications (Supporting Information S6). Only 6 of the authentic metabolite standards were lost by this filtering process, confirming the effectiveness of retention time prediction in metabolite identification procedures.
When used in combination with other routinely used datadependent noise and artifact filters (see Experimental Section), the total number of putatively identified peaks is reduced to 627, an 80% reduction in data (from 3 133 putative identifications in the unfiltered set), yet retaining 91% of the detected authentic standards (Supporting Information S4).
Metabolomics Example: T. brucei. The applicability of predicted retention times to metabolite identification from a real biological metabolomics data set was determined by analysis of cell extracts from T. brucei. Filtering by predicted retention time allowed 1 382 false identifications (35%) to be removed from the initial output of 3 969 putative metabolites from combined PIESI and NIESI data (Supporting Information S7). Application of additional filters to remove noise and MS artifacts resulted in putative identification of 690 metabolites. It is not possible to absolutely confirm the accuracy of these putative identifications in a biological matrix of unknown composition; however, mapping metabolites to organism-specific metabolic pathway reconstructions allows an indication of the usefulness of the results. Excluding lipids and peptides (which are not specifically identified in the KEGG or BioCyc pathway databases), over 60% of the putatively identified metabolites in this study were in agreement with the predicted T. brucei metabolome based on KEGG 21 and TrypanoCyc 27 annotations, compared to 39% before filtering (Figure 3) .
Applications and Limitations. While predicted retention times generally do not allow unambiguous metabolite identification, they allow a rapid and efficient mechanism for automated removal of false identifications from metabolomics results, which would otherwise require many hours of interpretation by an experienced analyst. In addition to removal of false identifications, predicted retention times also improve peak annotation when isomeric compounds exist for a specific formula. A total of 78% of metabolites in our database have isomers, highlighting a major inherent limitation of identification by accurate mass, and retention time data assist with disambiguation of these isomers. For example, thymine and imidazole 4-acetate are biologically and structurally distinct isomeric metabolites, which by definition, have identical exact masses but can be easily identified by analysis of retention times (Figure 4 ). It should be noted that isomers often have very similar physicochemical properties and therefore exhibit similar (or even identical) retention times, preventing absolute metabolite identification by retention time prediction in some cases. However, in many cases this approach provides a rapid and efficient method to produce the most likely metabolite annotations based on physicochemical properties, thus increasing the accuracy of biological interpretation of untargeted metabolomics data. Ultimately, absolute identification of specific metabolites requires comparison with authentic standards and additional analytical techniques.
It is expected that retention time drift will prevent direct application of predicted retention times from this model to other platforms, and drift has also been observed on this analytical platform over the lifetime of the column. For this reason, it is suggested that authentic standards are analyzed with each analytical batch and predicted retention times calculated for each batch based on these standards. As it is not practical to routinely analyze every standard independently, we suggest two mixtures for routine analysis, each containing common metabolite standards but avoiding combinations of metabolites that are isomeric with other standards or with MS fragments/adducts of other standards (Supporting Information S1). These authentic standard retention times can be entered into the RTcalculator file in Excel (Supporting Information S2), which includes a macro to recalculate the MLR equation specific to retention times observed in a particular batch and automatically generates predicted retention times for the entire metabolite database.
The QSRR model described herein is specific for analysis with the ZIC-HILIC column and acidic mobile phase (described in Experimental Section). Nevertheless, the general concept of retention time prediction to assist with metabolite identification can be applied to untargeted metabolomics analyses with other chromatographic platforms. To demonstrate this, we analyzed the authentic standards on a ZIC-pHILIC column with alkaline ammonium carbonate mobile phase. 44 Simply changing the log D, positive charge, and negative charge variables to reflect the pH of the mobile phase (pH 9) resulted in a correlation coefficient (r 2 ) of 0.74 and accurate retention time prediction of 92% of metabolite standards within the 35% RT window. Previous QSRR studies with a variety of compound classes suggest that potential also exists for application of this type of approach to reversed phase LCÀMS, for example, the retention-based prediction of log P for a diverse range of compounds (reviewed in ref 16 ) could be reversed and optimized to allow a log P-based prediction of retention time for hydrophobic metabolites. ' REFERENCES
